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Figure 1. Example of a methods pipeline for behavioural/neural

analyses based on quasi-continuous respiratory phase. a,

Simultaneous recordings of neural and/or behavioural data and respiration

allows for time-locked analyses of perception, cognition, and performance

measures. b, Examples of domain-specific data processing. Top: Neural

time series can be frequency-transformed for spectral analyses, resulting in

time series of amplitude envelopes for frequencies within a predefined

range (e.g., 1-100 Hz). Middle: Behavioural responses from any task can

be categorized into correct vs incorrect responses. Due to high-precision

triggers used in fMRI and M/EEG studies, each response can be assigned

to the respiratory phase at which it was registered. Bottom: For statistical

testing of respiration phase-locked changes in behaviour, a large number of

surrogate phase vectors are computed. c, On the individual level, trials are

assigned to respiratory phase. Performance metrics like hit rate are

computed, both on the empirical phase and all surrogate phase vectors. On

the group level, significant modulation of e.g. hit rate ~ respiration phase

can be determined by comparing group mean to surrogate performance.

Exemplary data for a near-threshold visual detection task with N = 18

shown here.
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Background Analyses on system covariation between 

respiratory rhythm and behavioural or 

neural outcome variables involve several 

degrees of freedom:

 

• phase extraction and binning

• computation of chance-level distribution

• group-level statistics 

1. Collapsing continuous respiratory phase into an inspiration vs expiration dichotomy will almost always be the less sensitive 

(and sensible) choice.

2. Compare different methods for phase extraction and decide which one fits best in your analysis.

3. Parameters for phase binning should ideally be fixed in a separate dataset. 

4. Shuffling single time points is not a robust permutation approach for continuous analyses and will yield a large number of false

positives.

5. Make sure to account for the circular nature of phase data and avoid tests or corrections which assume linear data.

Figure 2. From raw respiratory recordings to quasi-continuous binned phase. a, Illustration of different methods for extracting continuous phase from the raw respiratory signal (black line). Particularly in noisier respiratory recordings, the Hilbert transform is prone to produce artefacts like phase jumps (red highlight). b,

Following the extraction of continuous phase, phase information corresponding to events of interest (e.g. stimuli or responses) are assigned to respiratory phase bins for subsequent averaging within each bin. The more bins are defined to cover the respiratory cycle, the closer the analysis comes to using quasi-continuous

phase information. The number and width of phase bins greatly influence the sensitivity of the analysis pipeline. Left panel shows phase-binned group-level hit rate for k = 2 to k = 60 bins with a fixed bin width (ω). Note that in this case, the sensitivity for detecting hit rate modulation more or less saturates at k = 15 bins.

Comparing the left and right panels demonstrates how overall sensitivity decreases when bin width ω is doubled.
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Figure 3. Implications of different surrogate procedures.

a, Comparison of temporal autocorrelation functions for the

original data and surrogate phase vectors yielded by IAAFT,

circular shifting (minimum shifts of 30s), as well as shuffling

of segments (length of 500ms) and single samples,

respectively. Note that only the IAAFT and circular shifting

retain the autocorrelation of the original data. b, Group-level

phase independence between original and surrogate data

for all four methods of surrogate construction, computed as

the phase-locking value (PLV). Note that the shuffling of

single samples or short data segments leads to highest

independence (i.e., lowest PLV) but destroys the temporal

autocorrelation function (see panel a). In contrast, IAAFT

and circular shifting result in high independence as well (i.e.,

very low PLV overall), but do retain the original

autocorrelation. c, Group-level distributions of hit rate ~

respiration phase (shown in t-values) for all four methods of

surrogate distribution. Note that there is only a miniscule

effect of surrogate method on the group-level results for the

even-based statistic. d, In contrast, analyses of continuous

data (such as MI, expressed here in units of standard

deviation of surrogates) suffer from false positives

introduced by overly liberal surrogates constructed from

random shuffling of single events.

Figure 4. Cluster-based permutation procedure for group 

level statistical inferences in circular data. a, Respiratory

modulation of hit rate in visual detection task (N = 18).

Significance assessed using our novel clustering procedure

based on complex representations in the polar plane that

takes the circular nature of phase data into account and

reliably controls error rates in phase-related analyses. After z-

scoring empirical and surrogate hit rates within each

respiratory phase bin, t-values are calculated using the

combined surrogate and empirical value distribution. Cluster

boundaries are then defined using the empirical cumulative

distribution function on the combined distribution of t-values.

Cluster bounds are defined as the values corresponding to a

cumulative probability of ≤ 2.5 and ≥ 97.5%, respectively.

Values are then converted to complex representations in the

polar plane and clustered according to minimal non-zero

angular distance. Cluster statistic for each cluster is

computed as the sum of all points in this cluster, with p-

values being computed as proportion of surrogate cluster

statistics with an absolute value greater than or equal to the

observed cluster statistic. Left panel shows linear, right panel

polar representation of mean empirical and surrogate t-

values, cluster bounds and significant clusters. b, Circular

clustering test applied on randomly simulated data. Left panel

shows linear representation of group mean t-values,

surrogate t-values and 95th percentile thresholds for cluster

definition. Right panel depicts the respective polar

representation.
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b Circular cluster permutation test results for simulated data

a Group level inference - circular cluster permutation test
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